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The Merger Program has created a lot of debate in the literature about whether the policy is benefiting children in poor rural areas. In theory, students are supposed to benefit from improved educational quality by having access to larger, more centrally located educational facilities which can be built in such a way as to take advantage of scale economies. Better teachers can be hired. Facilities can be built to higher quality standards and equipped better. In larger schools, teachers are able to focus on students in a single grade and, in many cases, on a single course. In contrast, teaching points, which are remotely located schools sometimes accommodating fewer than 10 students, typically have only one teacher per school, who is responsible for teaching several different grades and acting as the managing staff for the whole school. The curriculum is often restricted to math and Chinese language-with little supplementary teaching of science, art, music or other types of courses. Central schools are supposed to offer a richer curriculum, including science, English, art, music and other subjects. In the rest of the paper, when schools have better facilities and higher quality teaching staff, we will call this the resource effect.
While there may be many potential benefits to the Merger Program, there also are potential costs. Pang (2006) describes a number of the detrimental effects. Because the new centralized schools are often located far from the homes of students, children must be boarded at school. In some cases this means that six and seven year olds have to leave the comfort and familiarity of their homes and care of their parents to live in dormitories far away from their friends and family. Safety is certainly a concern. The new living environment may take a toll on the psychological and physical health of students and thus affect learning (Luo et al., 2009 ).
Another set of potential costs of the Merger Program stems from student transfers out of schools that are being shut down and into the new centralized schools. Similar costs are incurred even when students are not caught up in mergers but when parents transfer their children from one school (say a school in the village or town) to another school (for example, a school in the county seat). We term the ways in which students have been shuffled around the school system (or the different channels by which students move from (MOE, Lüliang County) . Students who attended the teaching points or village schools that closed were transferred to a town, county or other village school. Liu et al. (2010) show that each provincial and county government has taken a different approach to setting up the Merger plan. These have included: merging all sub-village teaching points into one school for each (one or two) village(s) if the village has a population above a certain threshold (Henan Province); shutting down teaching points that have only one teacher and merging them into surrounding village schools (Yunnan Province); establishing large, centralized town and county boarding schools to receive students from nearby villages and teaching points (Qinghai Province); and many others. In our interviews in China's poor northwest region, we often find that all of these different transfer paths can exist in a single county. As a result, specific transfer paths differ by student even within the same county. Since each transfer path has its own unique set of benefits (resource effects vary across schools) and costs (abrupt changes in environment, embodied in different transfer paths, can affect students differently depending on age, etc.), it is possible that different transfer paths will have different impacts on the educational performance of students.
Empirically, the success of the Merger Program has been mixed. There is no doubt that centralized schools have better teachers, facilities and curriculum offerings (Zhuo, 2006) . However, there are documented costs as well. Shi (2004) has shown that when boarding schools are poorly managed, children perform worse in school. Some studies have found that the poor nutrition and health in boarding schools (relative to the home environment) are correlated with poor educational performance (Luo et al., 2009; . Shi et al. (2009) has evidence that students who transfer from their own village's teaching points into boarding facilities in a centrally located township schools have more behavioral and psychological problems. To date, only one research team (to our knowledge) has attempted to empirically disaggregate the costs and benefits to determine the net effect of the Merger Program on students. Using data from a large sample in Shaanxi province, Liu et al. (2010) find that the overall effect of transferring students from a village school or teaching point closed under the Merger Program to a larger, more central school is neutral; that is, the benefits from the improved resource In order to answer the above questions, we first outline the transfer paths that students have taken and the distribution of these transfer paths in our sample. We then compare standardized math test scores of students who took different paths. We also identify characteristics of the educational experiences of students that were (may have been) affected by the Merger Program and examine their impact on students that took different transfer paths. From this analysis, we make general assessments of the academic costs and benefits that the Merger Policy imposes on students.
In the next section, we describe the data collection process and features of the dataset. In Section 3 we conduct a descriptive analysis of transfer paths and student academic performance. The econometric model is specified in Section 4 and the results are discussed in Section 5. In the last section we conclude.
Data
The dataset we use is generated from a survey carried out by the Chinese Academy The students that were surveyed have characteristics that are typical of rural seventh graders in China. There are around 6 percent more boys than girls, a similar ratio to that cited in the Ministry of Education's 2006 Annual Yearbook. Approximately 95 percent of the students are aged between 11 and 14 years of age. Around 23 percent of the students had been held back one or more grades during primary school (see , for a complete discussion on retention).
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The survey instrument included three main blocks. The first block focused on the schooling histories of students. We asked students a series of questions about their time in their elementary schools as a way to re-create each student's transfer path from grade 1 to grade 6. Specific questions included primary schools ever attended, which grades were spent in each school, school location, reasons for each transfer and boarding status. We produce from these questions several variables: student transfer path; boarding status; and a number of controls for pre-primary educational experience.
The second section was a 30 minute standardized math test. This test is used as a measure of each student's educational performance. Using tests on basic skills, such as math, to serve as a measurement of academic performance is a common practice in the literature (Reynolds, 1991; Glewwe et al., 1995; Tan et al., 1997; Gruman et al., 2008 etc.) .
Because we administered the survey/test ourselves, we know that there was no coaching for the test before our survey. Since the test is administered at the start of the school year, we also know that neither students nor teachers shifted their efforts from other subjects to math.
The test was scored on a scale from 0 to 100. The results we obtained closely approximate a normal distribution with a mean score of 56 points and a standard deviation of 17 points.
We keep the scores without any further manipulation for the ease of interpretation.
The third and final section of the survey contained a number of questions on each student's personal and family characteristics. These questions gathered data on each student's age, gender, household registration (hukou) and ethnicity. Information on the socio-economic background of students was also obtained through questions about the number of members in each student's family and each family member's hukou status, age, employment status and schooling history. The answers to detailed questions about household assets were used to generate a variable measuring the value of the household durable assets to represent household socioeconomic status or wealth. All of the control variables in our econometric model are produced from the above information.
Transfer paths and academic performance
In part because of the closing and/or merging of a large number of schools, nearly half (49 percent) of our sample transferred from one school to another at some point during their primary school years. Our data contain many unique starting and ending points for the transfer experiences of students which we use to identify a variety of student transfer paths. In this section, we describe these transfer paths, identify the most common paths and link them (descriptively) with academic performance.
Student transfer paths
In examining the starting school (first school attended between grades 1 and 6) and ending school (last school attended between grades 1 and 6) of each student's primary school experience, a number of student transfer path patterns emerge (Table 1 ). Our data show that more students transfer to town and county schools than transfer from them.
Likewise, more students transfer from teaching points and village schools than transfer to them. Indeed, no students in our sample transferred to a teaching point. This pattern suggests that the activities in our sample counties are consistent with the goals of the Merger Program; that is, students are being encouraged to transfer from teaching points or village schools to more centralized town and county schools.
Our analysis focuses on the student transfer paths of students who started primary school in teaching points or village schools and transferred to more centralized schools, as these students are the target population of the Merger Program and account for about 71 percent of all transfer experiences. These specific student transfer paths also form one of the bases for our analysis.
Of students who started school in teaching points (25 percent of all students), the length of stay in the teaching point varies but does not exceed four years (Table 2 ). This is because teaching points, despite being an important component of the traditional rural primary education system, usually do not provide education beyond the fourth grade. Our data reflect this fact: no students in our sample complete their primary education at a teaching point and no students remain enrolled at a teaching point beyond the fourth grade (although students can theoretically spend more than four years at a teaching point if they fail to matriculate to the next grade after one academic year).
The ending schools vary for students with identical starting points. The majority of students who started in teaching points eventually transferred to town schools (Table   3 -around 56 percent). Another 30 percent transferred to county schools. Most of the students who started in village schools also transferred to a more centralized school, either town or county schools. Only a small share of students transferred to village schools.
Only 13 percent of students who started in teaching points and 14 percent of students who started in village schools transferred to a (another) village school. This movement away from village schools is likely (at least in a significant part) because of the closing of village schools under the Merger Program.
Academic performance
Our data show that mean math scores are correlated with different student transfer paths, with the direction of correlation seemingly determined by the resource effect (Table   3 ). All scores over 60 are associated with either starting or ending education in county schools. Moreover, when the starting points are held constant, test scores decrease with the level of centralization of the ending points. In other words, students who have attended county schools (as their ending schools) have the highest scores; students who have attended town schools achieve the second highest scores; and students who have attended village schools have the lowest scores.
Using kernel density plots (Figures 1 and 2 ), we can provide distributional evidence on the impact of transfer paths on math scores beyond the mean comparisons. Figure 1 includes the plots using information from the group of students that started in teaching points; Figure 2 includes plots using information from the group of students that started in village schools. The figures show that the mean difference is caused not by a small group of extremely high-achieving students but by overall improvements in scores (across the distribution). Figure 2 shows that the mean scores increase and the distribution better approximates a normal distribution as the students ending school change from village schools to town schools to county schools. Overall, then, our data indicate that students perform better academically when they transfer from less-centralized schools to more-centralized schools, and that their performance increases most when they transfer to county schools. This trend is true of all students, regardless of where they started schooling.
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Boarding status also can be shown to be correlated with math scores (Table 4) .
According to our data, non-boarding students have higher mean math scores than do boarding students. The difference between boarding and non-boarding student reaches 10 points (or about 0.6 standard deviations) and is significant at the 1% level. This trend holds true for mean math scores within each student transfer path. In fact, boarding students, on average, never score higher than non-boarding students.
Other student characteristics
Other characteristics-beyond their transfer paths and boarding school status-also may affect academic performance. According to the literature (Shariff, 1998; Gibson, 2001; Borooah, 2005; Linnemayr, Alderman, & Ka, 2008; Chen & Li, 2009 individual student characteristics, such as gender, age, hukou identity, kindergarten and preschool attendance and the number of elder siblings may affect educational performance. Parental characteristics (age, education and occupation) and household characteristics (e.g., household size and wealth) also have been shown to affect academic performance.
Descriptive statistics show that some of these variables seem to be associated with student test scores in our sample (Table 5) . For example, students with higher scores seem to be younger, have kindergarten experience, have no elder siblings, have better educated parents with off-farm jobs and come from non-rural and richer households. These findings underline the importance of conducting multivariate analysis and including parental and household characteristics in the analysis as control variables since they may also be correlated with student transfer paths.
Multivariate model
The data and descriptive analysis presented in the previous section show substantial differences in math scores across student transfer paths. However, based on a simple comparison of means it is impossible to satisfactorily attribute the differences in scores to the different student transfer paths. In this section we present an econometric analysis to address this issue. We first present different estimators and specifications and we then discuss how we intend to perform robustness and sensitivity checks. The results are presented in Section 5.
Basic estimator-Ordinary Least Squares (OLS)
In estimating the impact of student transfer paths and boarding status on math test scores, we first use OLS-controlling (at least in part) for selection bias (and endogeneity 13 due to unobserved heterogeneity) by including a large set of observable covariates in the regression of key independent variables on math scores:
where, the dependent variable y i indicates the math score of student i; P i is a vector that includes six student transfer paths of interest: a.) from teaching points to village schools; b.) from teaching points to town schools; c.) from teaching points to county schools; d.)
from village schools to other village schools; e.) from village schools to town schools and f.) from village schools to county schools. The symbol, B i , is the our boarding status indicator variable, which takes a value of 1 if the student has ever boarded during the years that he/she was in elementary school and 0 if the student has never boarded. Finally, the term X i is a vector of covariates (or other control variables) that is included to capture the effect on the dependent variable of the characteristics of students, parents and households. To increase efficiency, we compute White's heteroskedasticity-robust standard errors in all regressions.
Alternative estimator-Propensity score matching (PSM)
Rather than directly correcting for a large number of relevant covariates, adjustments can be made based on a propensity score-defined as the conditional probability of receiving -treatment‖ (Rosenbaum and Rubin, 1983, Imbens, 2004; Dehejia and Wahba, 2002, Liu et al., 2010) . In our setup, the treatments are defined to be the different student transfer paths and boarding statuses. Specifically, we compare (the characteristics of) students who attended teaching points with those who did not; those who transferred from village schools to town schools with those who stayed in village schools; those who transferred from village schools to county schools with those who stayed in village schools; and those who boarded (or boarding status=1) with those did not. We are ultimately interested in estimating the average treatment effects on the treated (ATT) of attending teaching points, transferring from village schools to town schools, transferring from village schools to county schools, and boarding status on academic performance. The propensity score (i.e. the conditional probability of -receiving‖ these treatments) is calculated by estimating a logit model with student, parental and household characteristics as the independent variables (Appendix 1).
We estimate the ATTs with a propensity score matching (PSM) method where matching involves pairing treatment and comparison units with similar propensity scores (Abadie and Imbens, 2002) . In other words, ATTs are calculated as a weighted average of the outcome difference between treated and matched controls. PSM is a more general method than standard linear regression since it does not require assumptions about linearity or constant treatment effects, and thus improves bias correction. Moreover, imposing common support in PSM can lead to efficiency improvements, especially when the sample size is small. It should be noted, however, that PSM estimates are only unbiased if the unobservables are correlated with the obsevables upon which the matching is based.
In our paper we use several different matching algorithms. Specifically, we first use Nearest Neighbor Matching where matching is done with replacements in order to ensure that each treatment unit is matched to the comparison unit nearest to it in propensity score (which is one way to maximize the reduction of selection bias-Imbens,
where, To serve as robustness checks, we also use Kernel Matching and Stratification
Matching, because they incorporate trade-offs between quality and quantity of matches differently than the Nearest Neighbor Matching (Becker & Ichino, 2002) . Kernel Matching estimates the ATT using:
where every treated unit i is matched with a weighted average of all control units j with .These methods are all implemented with common support, a logit model for calculating the propensity score, and bootstrapped standard errors. The joint consideration of the three methods offers a way to assess the robustness of the estimates.
Sensitivity analysis
The applied regression (OLS) and matching methods can yield unbiased estimates of ATT subject to the crucial assumption of conditional independence (CIA): conditional upon observable covariates, the receipt of treatment is independent of the potential outcomes with and without treatment (Imbens, 2004) . This assumption is not directly testable with non-experimental data (Imbens, 2004) , but Ichino, Mealli and Nannicini (2006) proposed a method for testing the sensitivity of matching estimates against the assumption. The method simulates an unobserved binary confounder that is suspected to affect both academic performance and transfer paths/boarding status. We use the method with confounders calibrated to mimic observable binary covariates as in Ichino et al. (2006) . We will discuss the simulated confounders and results in the next section.
Results and discussion
The estimation results of the basic estimator using equation (1) are presented in Table 6 . Column (1) to (3) of Table 6 differ in the independent variables that are included in estimation: column (1) only includes the student transfer path variables (with no covariates); in column (2) we add the boarding status variable; and in column (3) we include the boarding status variable and all of the covariates. The model performs better as we move from column (1) to column (3) as the R-square grows and covariates are shown to effectively capture more of the variation in math scores. Therefore, in the rest of our discussion we mostly focus on the results in column (3).
The results in Table 6 can be seen to be largely consistent with the descriptive analysis. There are three main results (based on column (3)). First, holding other factors, students who started primary school in teaching points or village schools in general have lower math scores if they transferred to village or town schools and did not transfer to county schools. The negative effect of transferring from a teaching point to a village or town school is 6.8 and 7.3 points respectively (row 1 & 2). 2 The negative effect of transferring from a village school to another village school is 9.7 points (row 4). Keeping the starting point constant, students who transferred to county school have significant and larger positive transfer effects. Transferring from a teaching point to a county school has a positive effect of 4.3 points (row 3) and transferring from a village school to a county school has a positive effect of 8.0 points (row 6). These effects seem to add up to a difference of 11.1 points for teaching point starters who ended in village school compared to those that ended up in a county school (row 1 & 3). The difference is 17.7 points for those that started school in a village school and ended in village school compared to those that started in a village school and ended in a county school (row 4 & 6).
Second, our results also show that boarding status matters. In particular, holding all other factors constant (including the student transfer path), when a student stays in a boarding facility there is a significant negative effect (at 1% level) on his/her math scores.
The results show that the boarding student's score is reduced by 3.7 points (row 7).
Third, many of the covariates are shown to affect academic performance as expected. For example, the older students perform worse than younger students (significant at 1% level, row 9); rural hukou has a negative effect (significant at 5% level, row 10); attending kindergarten helps increase math score (at 1% level, row11); having elder sibling reduces math score (at 1% level, row 13); students that have mother working in agriculture score lower (at 1% level, row 19).
Propensity Score Matching
The results of the PSM analysis are shown to be qualitatively identical and quantitatively similar with the OLS results and that the results are similar across the sets of results generated by the three alternative PSM estimation strategies (Table 7) . Rows 1 to 3 present the ATTs estimated using Nearest Neighbor Matching, Kernel Matching and Stratification Matching, respectively. Column 1 shows that teaching points has a negative effect on the math scores of students and the effect is 3.6 points which is significant at 1% level in Kernel and Stratification Matching (Row 2 & 3). Column 2 shows that for students who started primary education in a village school and then transferred to town school improves his/her scores by 7.6-9.0 points when compared to the students that stayed in their own village schools (Row 3 and 2). Column 3 also shows that village school starters who transferred to county schools can make progress as large as 19.0 to 20.5 points (Row 1-3) . Column 4 shows that boarding status has a negative effect of 5. .4 points (Row 1-3), which is slightly larger than the OLS estimates. In general, estimates of Kernel Matching and Stratification Matching have lower standard errors, which is likely due to a larger number of control units that these methods take into account.
Assessing the Assumption of Conditional Independence (CIA)
Despite the preceding analysis, the transfer paths are so diverse that it could be that even though we control for a large number of observable variables, there could be other unobservables that may have simultaneously affected the transfer paths and academic results of students (violating the assumption of conditional independence of treatment). Following Ichino et al. (2006) , we assess the validity of the conditional independence assumption by simulating an unobserved confounder that is used as additional matching factor.
We calibrate the confounder to mimic mother's education level and students' plan to go to high school (Appendix 1) to simulate students' capability and taste for schooling.
We show in Table 8 that the estimators with binary confounder differ less than 5% from the previous PSM results in Table 7 . 3 This is an indication of the robustness of the ATT estimates and validity of the CIA assumption as far as we can test.
Discussion and Conclusions
In this paper we have tried to understand how the Merger Program may have affected the academic performance of students by analyzing a set of transfer paths that students have taken during primary education. Despite the controversies about the benefits and costs of the Merger Program, our results show that at least in our study county, there is positive resource effect that is gain when students transfer from less centralized schools (such as teaching points or village schools) to more centralized schools (such as town schools and county schools). This positive effect, however, may be partially offset by boarding. When students stay in boarding schools, there is a large measured negative effect. Hence, if a student transfers from a village school (or teaching point) to a town (or county) school, but has to stay in the school's boarding facilities, the positive resource effect may, at least in part, be reduced by the negative boarding school effect. However, by comparing the transfer effect with the boarding effect, we find that even if students board after transfer, they still benefit academically from transferring to county school no matter whether they started primary education in teaching point or village school. Note: * significant at 10%; ** significant at 5%; *** significant at 1%. 1 The method is described by Ichino, Mealli and Nannicini (2006) and builds on Rosenbaum and Rubin (1983) and Rosenbaum (1987) . The method simulates this binary confounder in the data that is used as an additional matching factor. A comparison of the estimates obtained with and without matching on the simulated confounder informs to what extent the estimator is robust to this specific source of failure of the conditional independence assumption. 
